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Abstract 
 
A Simulation Framework to Characterize the Effect of Ventilation 
Control on Airborne Infectious Disease Transmission in Schools 
 
Sangeetha Kumar, M.S.E. 
The University of Texas at Austin, 2019 
 
Co-Supervisors: Atila Novoselac & Richard Corsi 
This study provides a detailed methodology for assessing the impact of ventilation 
control strategies on airborne infectious disease, specifically influenza, in schools. The 
probability of influenza infection in a classroom was approximated by the Rudnick and 
Milton (2003) model using inputs from a field campaign in Central Texas schools and 
reported influenza epidemiological data. The model is highly dependent on the quanta 
generation rate or the infectivity of an infector; therefore, a fractional removal term was 
developed to correct for filtration and depositional losses of the infectious quanta generated 
by the infector. Energy requirements for ventilation and associated outdoor air conditioning 
were estimated using air exchange rates and environmental quality conditions indoors 
(from the field study) and outdoors. To assess the variability in input parameters, Monte 
Carlo simulations were performed for different mechanical system types – split system and 
variable air volume (VAV) systems—and varying fractional removal terms. Assuming one 
infected student enters the school each day during the three-month period, the probability 
of infection ranges from 0.51% (9.5%) to 4.4% (6.3%). The corresponding number of 
secondary infections in a flu season range from ~400 to ~1100, which is in line with typical 
 vii 
influenza-like-illness absence rates of ~1% a day. The modeling framework considers five 
control strategies, increasing the ventilation rate by 20%, 40%, 60%, 80%, and 100% 
during the peak flu season of December to February. The largest benefit-to-cost ratios 
(BCR) due to reduced absenteeism were from increasing ventilation by 20% or increasing 
energy expenditures by $0.25/student for a single flu season. The greatest net benefits (NB) 
per student were from increasing ventilation by 100% (for some classrooms maintaining 
minimum ASHRAE standards for fresh air requirements) or increasing energy 
expenditures by $1.25/student for one flu season. Given the relatively low cost of energy 
for Central Texas, a hot and humid climate, increasing ventilation rates to adequate levels 
may prove beneficial for the well-being of students and staff. School systems may strongly 
benefit from this analysis to make better decisions on ventilating classrooms to reduce 
financial losses due to sickness related absences during the flu season.  
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 1 
Introduction 
Public school systems in the U.S. account for the second largest public enterprise 
in the country. By the time school-aged children—approximately over 50 million K-12 
students—graduate from high school, they have spent upwards of 1.6 years inside school 
environments, the most time spent in an indoor environment other than their home [1,2]. 
Therefore, it is pertinent to characterize the school’s environment and its impact on 
students. Increasing evidence demonstrates that a school’s indoor environmental quality is 
known to have an effect on student performance, productivity, and health.  
In the past two years, over 12 states have closed down schools due to widespread 
flu pandemics (absenteeism rates of greater than 20%) [3,4]. For states such as Texas and 
California, school absences are connected directly to state funding for public schools. 
Therefore, higher rates of influenza-like-illness absences can lead to funding losses for 
schools. The major pathways of influenza include direct contact, large droplet spray, and 
inhalation. Direct contact and large droplet spray transmission routes are widely recognized 
pathways for influenza transmission. Yet, given that children breathe larger volumes of air 
than adults [5] and increasing prevalence of school influenza outbreaks, perhaps the 
airborne transmission route is significant for schools. 
Moser et al. (1979) completed one of the most notable epidemiological studies for 
potential proof of airborne transmission of influenza. The observational study in an aircraft 
found that an exposure time of 2 - 4.5 hours with a single infected passenger and 
mechanical ventilation turned off led to 72% of the crew and passengers with influenza-
like illness and 91% of them with positive influenza tests [6]. These aerosol particles are 
small enough that they remain suspended in air and are not strongly influenced by 
gravitational setting losses. Influenza emission can occur through coughs, sneezes, and 
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exhaled breath where a large number of aerosols are released from the mouth. The airborne 
route of influenza can involve greater transport in air than direct contact or droplet nuclei.  
Studies in the recent decade have further confirmed the existence of the airborne 
route of transmission specifically for influenza; however, the contribution of the airborne 
route of the flu is still being debated. Cowling et al. [7] estimated that the aerosol 
transmission route accounts for half of all transmission events. Atkinson & Wein [8] 
suspect aerosol transmission is the dominant mode of influenza transmission given the 
unlikelihood of close-up, unprotected droplet sprays. Nicas & Jones [9] found the 
inhalation route to be just as important as direct contact but stressed the lack of data on 
magnitude of infectivity in different regions of the body and transfer efficiencies for direct 
contact pathways.  A review by Killingley & Tam [10] on routes of airborne influenza 
transmission found that all pathways are probable and conditions of the host, virus, and 
environment will dictate which pathway is most dominant.  
Ventilation is the introduction of fresh air indoors for the purpose of diluting indoor 
air pollutants harmful to health. Ventilation can be provided naturally or through 
mechanical systems. Carbon Dioxide (CO2) is often used as a proxy for estimating 
ventilation rates in buildings. The higher the CO2 concentration, the lower the ventilation 
rate in the space and the more likely pollutants of human origin are able to persist at high 
levels indoors. A review of over 28 journal articles by Fisk et al. [11] found that all of the 
studies reviewed had classrooms with peak CO2 concentrations greater than 1000 ppm. 
This indicates that most schools have inadequate ventilation rates as per ASHRAE 
Standard 62.1 Ventilation for Acceptable Air Quality [12]. While most of the school 
building stock in the U.S. is old, low ventilation rates in recently constructed or renovated 
buildings are still below minimum guidelines even for buildings certified as LEED or 
EnergyStar [13].   
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Lower ventilation in schools can exacerbate problems related to health and 
absenteeism. A review of 40 original studies by Li et al. [14] found sufficient and strong 
evidence to demonstrate a relationship between ventilation rates, movement of air, and 
airborne infectious disease (e.g., influenza, SARS, measles, tuberculosis) transmission. 
Inadequate ventilation rates have also been linked with increased student absences [15,16], 
and specifically illness related absences and increased visits to the school nurse [17–19]. 
Given the growing body of evidence of the airborne route of influenza transmission, 
engineering approaches such as ventilation control may be viable reduce flu cases. 
Although many studies have characterized indoor air quality (IAQ) in schools, few 
have addressed the influence of increased ventilation on energy and retrofit expenditures. 
A study by Benne et al. [20] used building energy simulation tools to model school 
buildings. The study estimated that a mechanical ventilation rate of 6.3 L/s contributed 
4.4% (16.4% of heating and 1.3% of cooling loads) to total building energy usage. A 
similar simulation study by Davangere et al. [21] found that increasing ventilation rates in 
Florida—a hot and humid climate—from 2.5 to 7.5 L/s would increase energy usage by 
11.7-13.9% and heating, ventilation, and air conditioning (HVAC) operating costs by 
17.1% - 19.8%. As evident by the former study, energy loads for ventilation are driven 
primarily by climate; seasonality changes in weather and extreme changes in climate will 
force buildings to expend more energy to heat and cool ventilation air. Additionally, 
significant energy usage is used to remove moisture from ventilation air in humid climates 
such as Florida.  
The purpose of this paper is to characterize the effect of health-driven engineering 
control strategies in schools. We hypothesis that increased ventilation rates in mechanical 
systems can reduce the prevalence of airborne infectious disease and therefore reduce 
sickness-related absences in schools. To test this hypothesis, a Monte Carlo simulation 
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framework was developed to assess the effect of increased ventilation rates during the peak 
flu season on reducing the spread of influenza using a coupled airborne infectious disease-
ventilation model. The model simulation uses indoor environmental and attendance data 
from a field study conducted in Central Texas high schools as well as flu vaccination data 
reported by the Center for Disease Control and Prevention (CDC) and in the literature. 
Estimates were calculated for probability of influenza infection in schools (and 
corresponding number of secondary infections) and ventilation energy requirements for hot 
and humid climates. The simulation framework considers multiple increased ventilation 
control strategies and a benefit-cost analysis was conducted to determine which is the most 
efficient and effective. The metrics developed in this assessment will be beneficial to 
school districts so they may make more informed decisions about influenza prevention.   
 
  
 5 
Methodology and Relevant Background 
The following section provides specifics details on the modeling framework used 
in this study as well as relevant background information on model inputs. The 
background information summarizes relevant findings and methodologies used in 
previous studies on epidemiological parameters for influenza. These discoveries will be 
introduced as they apply to modifications of existing models in this study. Additionally, 
this methodology section provides detailed analysis of school indoor environmental 
quality (IEQ) data from a field study in Central Texas schools.  
 
FIELD STUDY 
A two-year field campaign conducted in Central Texas high schools was used to 
characterize various indoor environmental quality parameters including but not limited to 
carbon dioxide, temperature, and relative humidity (RH). For a sampling period of four 
days each semester (Fall and Spring), two CO2 sensors (Telaire 7001, Onset Corporation, 
Bourne, MA) were attached to a temperature and relative humidity sensor (HOBO U12, 
Onset Corporation, Bourne, MA) and placed in the supply ducts and classroom areas. 
Measurements were sampled at a 30 second frequency with a precision of ± 50 ppm (or 
5%), ± 0.05o F, and ± 0.05% RH respectively. During the 2015 – 2016 and 2016 – 2017 
academic years, variations were captured in seven high schools, specifically 48 permanent 
classrooms and 10 portable classrooms. The data analyzed for this paper focuses solely on 
data in Spring 2016 and Spring 2017 for five high schools (40 permanent classrooms and 
7 portable classrooms) because these time periods include the typical flu season months.  
All of the schools sampled in this study use mechanical ventilation systems. The 
portable classrooms have wall-mounted air-conditioning (AC) units with On/Off catcalling 
driven by a thermostat (one AC unit per classroom). The permanent classrooms use 
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primarily multi-zone variable air volume (VAV) HVAC systems, with the exception of one 
school which used split HVAC systems (one split system per classroom). AC units in 
portable classrooms mix the air only in that specific classroom; whereas recirculation with 
VAV systems mix the air in multiple classrooms. The most common filters found in the air 
handling units (AHU) of the mechanical systems were rated MERV 7 and 8. In addition to 
the IEQ sampling, the school district provided attendance data based on classroom and 
class period for the 2015 – 2016 academic year as well as average daily attendance on a 
school level for the 2016 – 2017 and 2017 – 2018 academic school years.  
AIRBORNE INFECTIOUS DISEASE MODELING 
The simulations used in this study apply the Rudnick-Milton model [22] to estimate 
the probability that a susceptible person will be infected with influenza, 𝑃 as:  
𝑃 =
𝐷
𝑆
= 1 − exp (
−𝐼𝑓̅𝑞𝑡
𝑛
)    (1) 
Here, 𝐷 is the number of disease cases in 𝑆 susceptible individuals when in the same indoor 
space as 𝐼 infectors. This probability is estimated as a Poisson distribution and is a function 
of the rebreathed fraction 𝑓̅, the quanta generation rate 𝑞 [quanta/hr], exposure time period 
𝑡 [hr], and the number of people in the space 𝑛. This equation is valid for steady state and 
non-steady state conditions and when the ventilation rate varies with time..   
Rebreathed Fraction  
The rebreathed fraction, 𝑓,̅ is a marker for exposure to exhaled breath from others 
in an indoor space and can be estimated based on a mass balance on CO2 in an assumed 
well-mixed indoor space.  Required parameters include the indoor CO2 concentration (𝐶), 
outdoor CO2 concentration (𝐶𝑜 ≈ 400 ppm), and exhaled CO2 concentration (𝐶𝑎 ≈ 36,000 
ppm for all occupants). The rebreathed fraction does not require steady-state conditions, 
and it is representative of the CO2 concentration during the entire exposure time period. It 
is calculatedas: 
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𝑓 ̅ =
(𝐶−𝐶𝑜)
𝐶𝑎
      (2) 
If a space is properly ventilated by ASHRAE Standard 62.1 [12] (𝐶 > 1,100 ppm), 
the corresponding rebreathed fraction would be greater than 0.019 or 1.9% of air in the 
space. An increase in rebreathed fraction corresponds to a larger probability of inhaling an 
infectious virus particle from an infector.  
Quanta Generation Rate 
The quanta generation rate, 𝑞, is defined as the generation rate of infectious quanta, 
or doses, by an infector. It is the average infected source strength of an individual carrying 
the infectious disease—considering both magnitude of infectivity and particle generation 
rates. Quanta generation rates are back-calculated based on epidemiological studies in 
planes and indoor spaces, using actual data on the number of infectors and susceptible 
people, and for influenza have been found to range from 15—515 quanta/hr  [22–24]. A 
recent study by Yan et al. [25] quantified the infectious aerosol generation rate by 
collecting fine and coarse aerosol samples from patients with positive influenza tests. The 
sample population was told to breathe, talk, cough, and sneeze into a Gesundheit-II (G-II) 
human source bioaerosol sampler for a 30-min period. Coarse aerosol samples > 0.5 𝜇𝑚 
were collected on a filter and therefore lost potency so only fine aerosol samples were 
quantified for viruses using a focus-forming assay. The study found a geometric mean 
(GM) focus forming units (FFU) rate of 74/hr and geometric standard deviation (GSD) of 
8.8/hr, with a minimum of 0 and maximum of 2200/hr. This large spread, and log-normal 
distribution, is consistent with the ‘super-spreader’ theory —certain infectors have a higher 
shedding rate than others [26,27].  
However, in the case of Yan et al. (2018), one infectious aerosol dose does not 
necessarily equate to one infectious quanta. The data collected in Yan et al. (2018) does 
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not account for any control factors (sinks) of aerosols in the indoor space. In order to better 
estimate the infectious quanta generation rate in fine aerosols, different primary methods 
of removal of aerosols in the indoor environment need to be considered. Methods 
developed by Azimi & Stephens [28] built in this removal effect using existing data on 
aerosol deposition, filtration, and infectious aerosol size distributions from various studies. 
Their study uses the Wells-Riley model, and therefore they also included ventilation losses 
as well. However, the quanta generation rate applied in their study is back-calculated from 
epidemiological data; therefore, they are double-counting losses by adding explicit 
removal terms. For this study, a fractional loss term, 𝜎𝑅, was developed to correct the 
quanta generation rate 𝑞 found in Yan et al. (2018). This loss term accounts for particle 
deposition and filtration. Since the Rudnick-Milton model implicitly takes into 
consideration ventilation by way of the rebreathed fraction this ventilation loss term is 
neglected. 
The fractional loss term can be estimated as 𝜎𝑅 = (𝜆𝑑𝑒𝑝 + 𝜆𝑟𝑒𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝜂𝑓𝑖𝑙𝑡𝑒𝑟)
−1. 
Where, 𝜆𝑑𝑒𝑝 [1/hr] is the depositional loss coefficient, 𝜆𝑟𝑒𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑡𝑖𝑜𝑛 [1/hr] is the 
recirculation rate of air through the mechanical HVAC system, and 𝜂𝑓𝑖𝑙𝑡𝑒𝑟  is the removal 
efficiency of the filter in the mechanical system. Most of the studies considered in Azimi 
& Stephens (2013) include large fractions of influenza virus in coarse aerosols. However, 
based on results from Yan et al. (2018) and other recent studies, influenza virus is found at 
a larger fraction in fine aerosol measurements [26,29–31]. Therefore, following the same 
approach as Azimi & Stephens (2013), 𝜆𝑑𝑒𝑝 and 𝜂𝑓𝑖𝑙𝑡𝑒𝑟  was estimated only for fine aerosols 
< 0.5 𝜇𝑚 in three separate size bins: a) 0.3 – 1.0 𝜇𝑚, b) 1.0 – 3.0 𝜇𝑚, and c) 3.0  –  5 𝜇𝑚. 
Also, it was assumed that there was a uniform distribution in terms of infectious virus 
aerosol size since that was not studied in Yan et al. (2018); so, 33% of infectious virus was 
apportioned to each size bin. Removal efficiencies for a MERV 7 filter for the two smaller 
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size bins (a and b) were estimated by  Stephens and Siegel (2012) and the large size bin 
was reported in ASHRAE Standard 52.2 [32,33]. These filter removal efficiencies are listed 
in Table 1. The total removal efficiency of the filter for aerosol particles < 5 𝜇𝑚 can be 
estimated as the weighted-sum of the assumed particle size distribution and filter capture 
efficiency. The corresponding filter removal efficiency is 𝜂𝑓𝑖𝑙𝑡𝑒𝑟 = 0.37, which is in the 
range of values found in Azimi & Stephens (2013), 0.355 – 0.474, with a mean of 0.422 
[28]. Using the geometric mean diameter of each size bin, deposition loss coefficients 
[1/hr] were estimated from Figure 3 in Riley et al. [34]. The geometric means and loss 
coefficient values of each size bin are listed in Table 1. The corresponding mean size-
weighted average is𝜆𝑑𝑒𝑝 = 0.71 ℎ𝑟
−1. The depositional loss coefficient in Azimi & 
Stephens [28] was 𝜆𝑑𝑒𝑝 = 1.7 ℎ𝑟
−1.     
Table 1: Filter efficiency and deposition losses by aerosol size diameter 
Size Bin 
[𝝁𝒎] 
Geometric 
Mean 
Diameter 
[𝝁𝒎] 
Assumed 
Particle Size 
Distribution 
[%] 
Filter Removal 
Efficiency [%] 
Deposition 
Loss 
Coefficient 
[1/hr] 
0.3 – 1.0  0.55 33 17 0.1 
1.0 – 3.0  1.7 33 46 0.45 
3.0 – 5.0  3.9 33 50 1.6 
 
Estimating the Reproductive Number 
The reproductive number of influenza in a building, 𝑅𝐴𝑂,, is the number of 
secondary infections in susceptible occupants that arise when one infector is introduced 
into the space. The reproductive number is more accurate when adjusted for the number of 
susceptible people using reported flu data from the CDC including vaccination 
effectiveness, 𝑉𝐸, and the proportion of the population vaccinated, 𝑃𝑣𝑎𝑐. Therefore, Eq. 1 
simplifies to:  
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𝐷 =  𝑅𝐴𝑂 = (𝑛 − 𝐼)  ×  (1 − 𝑉𝐸 × 𝑃𝑣𝑎𝑐)  ×  𝑃   (3) 
  
The CDC estimates influenza vaccination coverage using data from the National 
Immunization Survey-Flu (NIS-Flu) and the Behavioral Risk Factor Surveillance System 
(BRFSS) [35] by age group, state, and region of the United States. Analyzed data 
apportions patients into various sub-age groups, including high school aged children (13 – 
17 years in age) for eight flu seasons between 2010 and 2018. In comparing the fraction of 
the population vaccinated in this age group in Texas and the U.S. overall, the fraction 
increases over time (between 2010 and 2018), 0.28 – 0.53 and 0.33 – 0.48 for each region 
respectively. A weighted sum approach of the number of patients surveyed and the 
probability of vaccination for each year was used to approximate the eight-year average. 
For Texas, the fraction of high-school aged students vaccinated was estimated to be 𝑃𝑣𝑎𝑐 = 
0.45 +/- 0.048, and for the U.S. it was 𝑃𝑣𝑎𝑐 = 0.43 +/- 0.014.  
The CDC also reports data from epidemiological studies on vaccination 
effectiveness for each flu season. The adjusted vaccination effectiveness reported by each 
study for each flu season between 2006 and 2018 as well as the total number, 𝑛, patients 
screened for the study are shown in Figure 1. Adjusted vaccination effectiveness is 
approximated using a logistical regression model as 𝑉𝐸 = 100 × (1 − 𝑎𝑑𝑗 𝑂𝑅), where 
𝑎𝑑𝑗 𝑂𝑅 is the adjusted odds ratio. Odds ratios compare the proportion of people vaccinated 
who tested positive for influenza with the proportion of people vaccinated who tested 
negative for influenza (test-negative controls) [36–43]; however, Jackson [28] compares 
the relative difference in influenza risk between vaccinated and unvaccinated participants. 
The odds ratios are later adjusted for various study parameters such as insurance status, 
age, sex, illness onset, and preexisting conditions. The average estimated adjusted 𝑉𝐸 
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reported range from 0.19  to 0.60, but with large variance in estimation for earlier seasons 
(2006  to 2010) as evident by the large confidence intervals in Figure 1.  
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 Figure 1. Adjusted flu vaccination effectiveness for 2006 – 2018 seasons as reported by the CDC 
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VENTILATION MODELING 
Air exchange rates (ventilation rates) or the amount of outdoor air introduced 
indoors for dilution purposes was approximated using steady-state CO2 measurements in 
the classrooms. Considering no other sources of CO2 indoors other than humans and 
outdoors, the ventilation rate, 𝜆, can be approximated as follows:   
𝜆 =
𝑛𝑄𝑏𝐶𝑎
𝑉(𝐶−𝐶𝑜)
       (4) 
The ventilation rate is a function of the number of people in the space 𝑛, a human’s 
breathing rate  𝑄𝑏  [m
3/hr], the concentration of CO2 on breath 𝐶𝑎, the concentration of CO2 
in the space 𝐶, the concentration of CO2 outdoors 𝐶𝑜, and the volume of the space  𝑉 [m
3]. 
The breathing rate for a human, average of a female sitting and a male sitting, from the 
California Air Resources Board (CARB) [44] is 8 L/min or 0.48 m3/hr. Assuming a well-
mixed space under steady state conditions, 45 min to 1 hr averages of CO2 concentrations 
in classrooms were determined such that the coefficient of variation (CV) was less than 
7%. The number of people in the space, 𝑛, was estimated using attendance data for a 
classroom on a class period basis. For periods in which attendance data were not present, 
particularly for Spring 2017, a mean value of attendance was used.  
Energy required for ventilation can be thought of as the energy of bringing outdoor 
air indoors. Eq. 5 below estimates the energy requirements for ventilation.  
𝑄𝑣𝑒𝑛𝑡 =  ∑
?̇?𝑜𝑎(ℎ𝑜𝑎−ℎ𝑖𝑎)
𝐶𝑂𝑃
𝑓𝑙𝑢 𝑠𝑒𝑎𝑠𝑜𝑛
𝜏=0     (5) 
Here, 𝑄𝑣𝑒𝑛𝑡  is a function of the mass flow rate of outdoor air coming indoors,  ?̇?𝑜𝑎 =
 𝜆𝜌𝑎𝑖𝑟𝑉, where the density of air is 𝜌𝑎𝑖𝑟 = 1.2 [
𝑘𝑔
𝑚3
], and the ℎ𝑖𝑎 and ℎ𝑜𝑎 are indoor and 
outdoor enthalpies of air [kJ/kg]. Assuming both heating and cooling use electrical energy, 
the efficiency of the system/coefficient of performance, 𝐶𝑂𝑃 = 3, was corrected for. The 
ventilation requirement is estimated for the entire modeled flu season where 𝜏 represents 
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each hour the system will be turned on during the flu season (number of days in the flu 
season × the number of hours in a school day).  
Temperature and dew point temperatures were used to approximate values of 
indoor and outdoor enthalpies. Indoor enthalpy values were calculated using hourly 
averages of temperature and dew point temperature in each of the measured classrooms 
during occupied times. Outdoor enthalpy values were calculated using outdoor 
meteorological data from NOAA NCEI surface meteorological measurements [45] for 
Central Texas (WBAN 13904) for the 2017 to2018 time frame. The psychrometric chart 
in Figure 2  shows indoor and outdoor environmental parameters during occupied times of 
a typical peak flu season (December to February). The x-axis represents the measured 
temperatures in degrees Celsius and the y-axis represents the humidity ratio, or the air’s 
ability to retain water, a function of dew point and temperature. The typical indoor set 
points are warmer during the winter time indicating that ventilation during the winter time 
will need to pre-heat outdoor air before introducing it indoors. Each of the greyed lines in 
the chart represents a relative humidity curve, the top most curve is a relative humidity of 
100%. As demonstrated below, the outdoor values indicate high levels of humidity; 
therefore, schools will have an additional energy burden to dehumidify this air for 
ventilation.  
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Figure 2. Psychrometric chart of indoor (portable and permanent) and outdoor 
temperatures and humidity ratios 
SIMULATION FRAMEWORK  
The framework for a Monte Carlo simulation to assess the cost effectiveness 
associated with increased ventilation during the peak flu season, December to February in 
schools is described in this section. Using a Lagrangian approach, the simulation follows a 
single infector, a student carrying the influenza virus, throughout their class schedule on a 
single day. The infector, with their own unique infectivity rate, attends seven one-hour 
occupied classes (neglecting the lunch period) in portable and permanent classrooms from 
9:00 to 4:00 pm. Each of the classrooms has a unique number of students and associated 
rebreathed fraction. Based on a one-hour exposure time period, the probability of infection 
and the regeneration rate can be estimated using Eq. 1 and Eq. 3. For each day, the total 
number of disease cases is the sum across all class periods, and the probability of infection 
 16 
is calculated for each class period.  Any contact the infector may have with people outside 
of their classroom was ignored. The infector and anyone that has been infected (when the 
regeneration rate is greater than 1) is assumed to not come back to school the next day. 
This same exercise is completed for each of the 50 school days in the peak flu season, but 
with a new infector each time. The number of school days was estimated by a typical school 
academic calendar schedule excluding weekends and holidays. At the end of the season, 
the total number of flu cases is estimated across all days to approximate the fraction of 
students in a school that become ill by influenza. To ensure robustness of results, the 
simulation was iterated 10,000 times.  
Model Assumptions and Inputs 
 Key assumptions for the simulation led to development of inputs based on constant 
values or probability distribution functions to capture variability and uncertainty in 
parameters. The following values use probability distribution functions from literature: 
quanta generation rate and vaccination effectiveness.  The following values use probability 
distribution functions from the field data and are specific to classroom type: rebreathed 
fraction, air exchange rate, indoor enthalpy, and classroom attendance. To ensure non-
negative parameter values for probability distribution functions, minimum and maximum 
values were chosen to bound selected estimates.   
Since the primary HVAC system type in the schools was a multi-zone VAV system, 
multiple permanent classrooms were attached to the same air handling units. In the high 
schools that were measured, the number of classrooms to AHUs varied greatly from 4 to 
35. For the simulation, a mean value of 16 classrooms were attached to a single AHU and 
all permanent classrooms attached to a single AHU create a giant room, resulting in air 
from one room being able to get to the other one. To take this into account, the number of 
students 𝑛 was increased in Eq. 1 and 3 to include the number of students in the 15 other 
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classrooms. It is assumed that all of the other classrooms have roughly the mean 
attendance. Portable classrooms are considered to be self-contained, i.e., not connecting to 
other classrooms. The values for the quanta generation rate were pulled from a log-normal 
distribution of 𝑞 with a GM of 74 quanta/hr and GSD of 8.8 quanta/hr and minimum and 
maximum values of 0 and 2200 quanta/hr from Yan et al. [25]. To correct for our removal 
term, 𝜎𝑅, 𝜆𝑟𝑒𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑡𝑖𝑜𝑛 was estimated using data on set point air flows for permanent 
classrooms from the Energy Management team for the school district. Set points for supply 
airflow rates varied greatly from 3.5 – 16.8 hr-1; yet, most of the values were around 7 hr-
1. Given that the outdoor air flow rate, 𝜆 has a geometric mean of 1.5 hr-1 in permanent 
classrooms (see Table 2), the recirculate rate is approximately 𝜆𝑟𝑒𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑡𝑖𝑜𝑛 = 5.5 hr
-1. 
Therefore, constant value of 𝜎𝑅 = 0.36 was used in the simulation.  
 The number of classrooms in the school was estimated using average class size and 
school size. In the school district that was sampled, four of the schools had populations 
between 2600 – 2800; with the exception of one school which has 3500 students (which 
was neglected in the calculation). Assuming classrooms are occupied at all times, each 
school has on average 113 classrooms (portable and permanent). All classrooms in the 
school are ventilated throughout the occupied hours; therefore, energy ventilation 
requirements are independent of infector’s class locations. The air exchange rates and 
indoor enthalpies are the same across classroom type—portable and permanent. 
Rebreathed fractions for each of the classrooms were chosen such that they made sense 
with the ventilation rate and number of students in the classroom.  
The model assumes that everyone has received the flu vaccine by December and 
that data estimates from Texas are representative of the U.S., so 𝑃𝑣𝑎𝑐 = 0.45 is the constant 
fraction of vaccinated students in the school. Rather than conducting a meta-analysis of the 
data represented in  Figure 1, each iteration of the Monte Carlo simulation chooses a flu 
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season from the provided data and randomly selects for a vaccine effectiveness, 𝑉𝐸. It was 
assumed that the distributions reported in each of the papers follow a normal distribution, 
and the minimum and maximum values are the lower and upper bound confidence 
intervals. The effect of previous history of vaccination or built up immunity to the influenza 
virus as well as strain of influenza was neglected.  
The following parameters from the school study were analyzed and developed into 
probability distributions for use in the simulation: rebreathed fraction, enthalpy, 
attendance, and air exchange rates (ventilation rates). Histograms of the analyzed data, 
separated by classroom type, are presented in Figure 3. Rebreathed fractions and indoor 
enthalpies were estimated using 1-hr averages of CO2 concentrations, temperature, and 
relative humidity in rooms during occupied hours. Rebreathed fraction data were removed 
if there were indicators of no occupancy including lack of attendance data, static CO2 
concentrations throughout the school day, or low CO2 concentrations. A minimum hourly 
average threshold of 500 ppm CO2 was adopted. Indoor enthalpies and ventilation rates 
were computed as aforementioned earlier in the methodology, and no data was removed in 
the analysis of the indoor enthalpies.  
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Figure 3. Probability density functions of school environment input parameters  
In order to develop distributions of the various input parameters, the experimental 
data was fit to normal distributions using Kolmogrov - Smirnov (K-S) equality of 
distribution tests. The mean, standard deviation, minimum, and maximum of each 
distribution that will be sampled in the Monte Carlo Simulation by classroom type are 
provided in Table 2. Indoor enthalpy, classroom attendance, and rebreathed fractions in 
portable classrooms all follow normal distributions. In permanent classrooms, indoor 
enthalpy  and classroom attendance also follow normal distributions. As demonstrated in 
Figure 3 above, the rebreathed fractions varied greatly amongst classrooms and class 
periods. In order to best model this large variability, a multimodal log normal distribution 
with three peaks was adopted. The total distribution can be thought of a sum of three 
different distributions, where the apportion of each distribution to the whole is denoted by 
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𝜆1, 𝜆2, and 𝜆3. The geometric mean and standard deviation of the different peaks, or modes, 
are listed in Table 2. 
Air exchange rates follow log normal distributions with geometric means and 
geometric standard deviations. Comparing these calculated rates with the required 
ventilation requirements using room-specific maximum enrollment and classroom 
volumes, 100% and 62% of portable and permanent classrooms respectively are under-
ventilated as per ASHRAE Standard 62.1 [12]. Average values for portable and permanent 
classrooms, 5.0 (1.3) L/s-person and 4.5 (1.6) L/s-person, are consistent with ventilation 
rates in schools found in literature which range from 2.9 – 8.4 L/s-person on average. The 
ventilation rates found are most consistent with findings of 4.4  L/s-person in [46] , 5.4 
(4.3) L/s-person in [47], and 4.2 (2.3) L/s-person in [48] for classrooms with mechanical 
ventilation systems. The low ventilation rates can be attributed to HVAC systems being 
shut off during unoccupied periods, fresh air dampers turned off to save energy, and 
outdoor air vents obstructed by tape. The portable classrooms may have artificially higher 
ventilation rates due to their ‘leaky’ structure. Using Google Earth Satellite Imagery and 
school populations, 20% of a school’s classrooms were estimated to be portable classrooms 
and 80% were permanent. Classroom volumes are constant across classroom types and are 
based on averages of classrooms that were sampled.  
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Table 2: Distributions of field data used in the Monte Carlo Simulation  
Parameter 
Portable Classrooms Permanent Classrooms 
Sample 
Size 
Mean 
(SD) 
Min, 
Max 
Sample 
Size 
Mean 
(SD) 
Min, 
Max 
Indoor 
Enthalpy, 
𝒉𝒊𝒂 [kJ/kg] 
372 42.7 (6.2) 28.4, 58.9 1034 46.6 (5.0) 31.8, 64.9 
Rebreathed 
Fraction, 𝒇 ̅ 
290 
0.0290 
(0.0126) 
0.0028, 
0.0583 
914 
[1] 0.0046 
(1.3) 
[2] 0.0157 
(1.3) 
[3] 0.0324 
(1.5)a 
0.0028, 
0.0583 
Number of 
Students, 
𝒏c 
81 23 (9) 5, 44 241 23 (5)  3, 32 
Air 
exchange 
rate, 𝝀 
[1/hr] 
35 2.2 (1.5)a 1.0, 6.4 58 1.5 (1.6)a 0.6, 4.5 
Fraction of 
classrooms 
0.2 0.8 
Volume, 𝑽 
[m3] 
159 254 
a Due to large variability in this parameter, sampled data was fit using a multi-modal log normal 
distribution with three separate peaks. Values listed here are geometric means and geometric standard 
deviations of each peak. The lambda values associated with each peak are as follows 𝜆1 = 0.07, 𝜆2 =
0.47, 𝜆3 = 0.46 
b Attendance data is only based on reported values from Spring 2016 
c The values described represent geometric mean (GM) and geometric standard deviation (GSD) as the 
distributions were found to be log-normally distributed.  
 
Ventilation Control Strategies 
We are interested in computing the benefits and costs associated with different 
ventilation strategies and how they influence the probability of airborne infectious disease 
transmission. The ventilation strategies are defined and driven by the air exchange rate, 𝜆, 
more specifically the difference in air exchange rate between the current modeled scenario 
and the control strategy, ∆𝜆. The effect of increasing ventilation during occupied times was 
investigated using five different ventilation control strategies: 1.2𝜆, 1.4𝜆, 1.6𝜆, 1.8𝜆, and 
2𝜆. To understand the effect of increased ventilation and probability of airborne infectious 
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disease transmission, the rebreathed fraction 𝑓 ̅∆𝜆 is back-calculated by manipulating Eq. 4 
into:  
𝑓 ̅∆𝜆 =
𝑛𝑄𝑏
𝑉∆𝜆.
      (6) 
This a rough estimate of what the rebreathed fraction should be in a class period given that 
the mechanical HVAC systems are providing the proper ventilation rates. From this new 
rebreathed fraction, the corresponding probability of infection, ∆𝑃, and new regeneration 
rate (number of disease cases), ∆𝑅𝐴𝑂 can be estimated.   
To understand the cost effectiveness of the control strategies, consider two different 
metrics: the benefit to cost ratio (BCR) and the net benefits (NB). The benefit of a specific 
ventilation strategy is the amount of money ($) a school saves from reduced absenteeism.  
For this study we did not quantify benefits associated with reduced costs to parents of 
staying home to care for an ill child or reduced medical bills for families. The cost of the 
ventilation strategy is the extra cost of energy associated with increased ventilation during 
occupied times of the school day. The goal is to find optimal control strategies that result 
in a BCR > 1 and NB > 0 for one school in one flu season. BCR and NB are represented 
below in Eq. 7 and Eq. 8.  
𝐵𝐶𝑅 =
𝐵𝑒𝑛𝑒𝑓𝑖𝑡𝑠
𝐶𝑜𝑠𝑡𝑠 
=  
∆𝑅𝐴𝑂  × $/𝑎𝑏𝑠 × 𝑎𝑏𝑠
∆𝑄𝑣𝑒𝑛𝑡 × 𝐸𝑐𝑜𝑠𝑡
     (7) 
𝑁𝐵 = (∆𝑅𝐴𝑂 ×  $/𝑎𝑏𝑠 ×  𝑎𝑏𝑠) − (∆𝑄𝑣𝑒𝑛𝑡 ×  𝐸𝑐𝑜𝑠𝑡)  (8) 
The CDC recommends that students with flu-like symptoms stay home for at least a 24-
hour period. Each student who contracted the flu was absent for 𝑎𝑏𝑠  = 1 day, and on 
average the school district loses $/𝑎𝑏𝑠 = $45 of revenue from the state per student for 
each absent day based on values in Central Texas school districts. The cost associated with 
ventilating the space is the unit cost of electricity specifically for Texas or 𝐸𝑐𝑜𝑠𝑡 =
$0.08/𝑘𝑊ℎ (from estimates published by the U.S. Energy Information Administration 
(EIA) [49]).  
 23 
Results & Discussion 
The largest sources of uncertainty in estimating probability of influenza infection 
in classrooms are the fractional loss term 𝜎𝑅 and type of HVAC system (i.e. system per 
classrooms or VAV that mixes air in-between multiple classrooms). To characterize a 
range of probabilities, six different scenarios were considered– three different fractional 
loss terms and two different types of HVAC systems. To account for a larger fraction of 
infectious virus in coarse aerosols, the fractional loss term was estimated as 𝜎𝑅 = 0.25, 
using 𝜆𝑑𝑒𝑝 = 1.7 ℎ𝑟
−1 and 𝜂𝑓𝑖𝑙𝑡𝑒𝑟 = 0.422  from Azimi & Stephens [12]. A more 
conservative estimate of 𝜎𝑅 = 0.50 was also considered to account for more of the 
influenza virus in the fine aerosol particle size range. A split HVAC system (1 AHU to 1 
Classroom) was compared to a Multizone VAV System (1 AHU to 16 Classrooms) where 
the number of susceptible students increases proportionally to classroom/AHU ratio.  
Simulation results for these combinations are provided in  Figure 4. Each subplot 
A to F represents a unique combination of HVAC system and 𝜎𝑅. The larger plot is a 
density histogram of the probability of infection in classrooms with an infector. The smaller 
plots are cumulative probability distribution functions (CDFs) of the number of secondary 
illnesses or the reproductive number for the school given the simulated probabilities. The 
dotted grey line on each of the spots provides a reference to the 50th percentile (or median) 
value.  
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Figure 4. Probability of infection in a classroom and number of secondary illnesses 
(reproductive number of influenza) for a school across an entire flu season  
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Results for probability of infection in classrooms with an infector follow a log-
normal distribution with long-tails and GSDs. This is indicative of the nature of the quanta 
generation rate and its strong effect on influenza risk. Despite large variability in rebreathed 
fraction for permanent classrooms (which are more prevalent in schools) probability of flu 
seems predominantly dependent on the infectivity rate of the infector. These results further 
validate the super-spreader theory that different infectors have different rates of infectivity 
[26,27,31].  
As demonstrated in subplots A, C, and E of Figure 4, the GM (GSD) probability of 
influenza for split systems for each increasing value of 𝜎𝑅 is 2.2% (6.7)%, 3.2% (6.5%), 
and 4.4% (6.3%). These risk values subsequently lead to a 50% percentile of ~ 480, ~ 640, 
and ~ 830 secondary infections across the entire school (with 2700 students) for one flu 
season. Likewise, for subplots B, D, and F of Figure 4 demonstrate that the probability of 
influenza in VAV systems for varying 𝜎𝑅 values are respectively 0.26% (9.7%), 0.37% 
(9.6%), and 0.51% (9.5%) leading to ~ 560, ~ 790, and ~ 1080 secondary infections. 
Increasing values of 𝜎𝑅, less particle losses due to deposition and filtration, lead to higher 
probabilities of infection. VAV systems have lower influenza risks than split systems 
because of the increased number of people in the room; however, this assumption increases 
the number of susceptible students (due to the air mixing in-between 16 classrooms by air 
recirculation) resulting in a larger number of secondary infections.  
The type of HVAC system did not influence energy requirements for ventilation. 
Considering the ‘business as usual’ scenario of no increased ventilation, the energy 
requirement per student to ventilate an average sized school for the flu season follows a 
lognormal distribution with a GM (GSD) of 15.9 (1.5) kWh/student or $1.30/student. As 
aforementioned, ventilation energy requirements are strongly influenced by climate. To 
demonstrate this fact and further assess the developed framework, the Bay Area in 
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California (specifically, San Francisco) was simulated—a marine, temperate climate—
using 2017 – 2018 meteorological data from NOAA’s NCEI meteorological database 
[45] for met station WBAN 23234. Figure 6 below is an update of Figure 2 including San 
Francisco’s reported temperatures and calculated humidity ratio. The pink boxes in the 
plot represent the outdoor values in Central Texas; whereas, the blue boxes represent that 
of San Francisco. As evident by the smaller spread of data, The Bay Area’s climate is 
more temperate and less humid during the winter months. 
 
Figure 5. Psychrometric chart of indoor (portable and permanent) and outdoor 
temperatures and humidity ratios in Central Texas and San Francisco, California  
 Using a unit of electricity cost of 𝐸𝑐𝑜𝑠𝑡 = $0.15/𝑘𝑊ℎ from U.S. EIA [49] for 
California, the energy requirement per student to ventilate an average sized school for 
San Francisco has a GM (GSD) of 13.5 (1.5) kWh/student or $2.00/student. While the 
ventilation related energy loads were consistently higher for Central Texas than Bay Area 
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even in the winter months because of the need to decrease the humidity of outdoor air 
coming indoors; the elevated unit cost of electricity in California leads to overall higher 
costs per student.  
 In this study, we looked at the effect of five different ventilation control 
strategies:  1.2𝜆, 1.4𝜆, 1.6𝜆, 1.8𝜆, and 2𝜆. The corresponding increase in energy usage 
kWh/student and increase in energy costs $/student by location and strategy are 
visualized in Figure 6 and Figure 7, respectively. For each simulated ventilation control 
strategy, the increase in ventilation energy per student for the integrated flu season is 
consistently higher in Central Texas vs. San Francisco. A 20% increase in air exchange 
rates corresponds to an increase in 3.1 kWh/student and 2.7 kWh/student for Texas and 
California during the flu season. A 100% increase in the ventilation rate at schools results 
in an extra energy expenditure of 15.6 kWh/student and 13.3 kWh/student. However, 
increased costs don’t follow a similar pattern as evident in Figure 7. In San Francisco, 
increasing the ventilation by 80% and 100% is more expensive than increasing the 
ventilation by 100% in Texas. A 20% increase in air exchange rates corresponds to an 
increased cost of $0.25/student and $0.40/student for Texas and California, respectively. 
A 100% increase in the ventilation results in a $1.25/student and $2.00/student increase 
in energy related expenses over the entire flu season.  
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Figure 6. Comparison of increased ventilation energy requirements (kWh/student) 
between Central Texas and San Francisco, California for entire flu season  
 
 
Figure 7. Comparison of increased ventilation costs ($/student) between Central Texas 
and San Francisco, California for entire flu season 
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Coupling the results from the ventilation energy and airborne infectious disease 
modeling, we can assess which of the ventilation strategies is the most effective and cost-
efficient. For each control strategy, the BCR to the school and NB per student were 
calculated. Optimal solutions will have NB > 0 and an incremental BCR > 1. To 
characterize the variability in the benefit cost analysis, two extreme scenarios were 
modeled (lowest and highest number of secondary infections): (a) 𝜎𝑅 = 0.26 with a split 
system and (b) 𝜎𝑅 = 0.50 with a VAV system. The cumulative distribution functions of 
benefit-to-cost ratios and net benefits for each control strategy are demonstrated in Figure 
8 and Figure 9, respectively. Using the 50th percentile value as a benchmark for the 
simulation results, all control strategies are optimal. The largest BCR was for 1.2𝜆 
(increasing ventilation by 20%), (a) BCR = 10 for the split system and (b) BCR = 25 for 
the VAV system. The greatest NB per student for both system types was 2𝜆 (increasing 
ventilation by 100%): (a) $3.50/student and (b) $10/student. To reiterate, the high BCR 
and NB values for VAV systems are representative of the increased ‘exposed’ population 
of students in near-by connected classrooms.  
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Figure 8. Benefit to Cost Ratio (BCR) to the school for a flu season by fraction removal 
loss and HVAC system type 
 
Figure 9. Net Benefits (NB) per student to school for entire flu season by fraction 
removal loss and HVAC system type 
 
COMPARISONS TO EXISTING STUDIES AND RELEVANT DATA 
A similar study was conducted in California by Mendell et al. (2013) to quantify 
the effect of increased ventilation rates on reduced illness-related absences. To compare 
our results, the cost of an absence as $/𝑎𝑏𝑠 = $29 for California was adopted from Mendell 
et al. [17]. Using aforementioned ventilation energy estimates from San Francisco, CA, the 
A B 
A B 
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corresponding BCR and NB values were compared to those reported in the Mendell et al. 
(2013) the study. Similar to results in Texas, the largest BCR was for 1.2𝜆 or BCR = 4 in 
a split system and BCR = 10 for the VAV system. The greatest NB per student for a split 
system resulted from a 20% increase in ventilation rates or NB = $1.20/student and a 100% 
increase in ventilation rates for a VAV system where NB = $5/student. Mendell et al. 
(2013) considered two increased ventilation strategies, 1.8𝜆 and 2.4𝜆. Only considering 
benefits of increased state revenues to schools, the study’s BCRs and NBs are 
approximately 8.3 or $4.70/student and 9.0 or $9.40/student [17]. Our results fall within 
the order of magnitude found in this study, indicating that different methodologies lead to 
similar outcomes—increased ventilation is cost-beneficial to schools to reduce illness-
related absenteeism.  
Class period attendance for classrooms were collected for 2015 to 2016, and 
monthly school level attendance was provided from 2016 to 2018. A common metric 
school districts use to assess attendance is average daily attendance (ADA) or the 
percentage of students in the school present that given day. Classroom level attendance 
data in sampled spaces indicate a lower number of absences (~1%) across all classroom 
types in fall 2015 (256 absences, 95.6% ADA) in comparison to spring 2016 (347, 96.8% 
ADA). Measurements in the spring semesters were taken during the winter months, and 
therefore attendance is representative of the actual peak flu season. Similarly, in school-
wide data by month, there is an increased rate of absenteeism ~1 – 2 % during the peak flu 
season above the baseline absenteeism rate in late summer and earlyfsall. These findings 
further validate that perhaps in the spring semester students in these specific classrooms 
were more likely to be absent.  
The school and classroom level attendance in the field study did not code the reason 
for absence; therefore, we considered publicly available data from California, New 
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Hampshire, and New Jersey to find comparable values. The Mendell et al. [17] field study 
measured an illness related absence rate in California elementary schools during the winter 
months  of 2.32 – 2.75%. Both the New Hampshire Department of Health and Human 
Services [50] and The State of New Jersey Department of Health [51] report influenza-
like-illness (ILI) absence rates in schools for all counties throughout the year. Only reports 
from Week 48 to Week 8 (reflective of December – February time frame) were considered. 
The most frequent ILI rate was 0.1 – 0.9% in New Hampshire and of 0 – 1.5% in New 
Jersey. Both states peaked in absenteeism during the peak of the flu season (late January 
to early February) where ILI rates reached up to 5% in certain counties but more commonly 
1.5 – 3%. These influenza specific absenteeism rates match increased absence rates in 
Central Texas during winter months. Note, none of these values include estimates on 
multiple-day absences. Therefore, it is reasonable to assume that in comparison to non-flu 
months there is a 0 – 3% increase in average daily absenteeism in winter months due to 
flu-like illness.  
 
STUDY LIMITATIONS 
As noted in previous sections, one of the largest sources of uncertainty is fractional 
removal term, 𝜎𝑅, for the quanta generation rate. The simulation framework developed in 
this thesis assumes that the quanta generation rate, 𝑞 = 74 𝑞𝑢𝑎𝑛𝑡𝑎/ℎ𝑟, from Yan et al. 
(2018) does not implicitly account for any particle removal by deposition and filtration in 
the bioaerosol sampler. The human bioaerosol sampler used in their study, the Gesundheit 
II collects fine aerosol samples through a slit impactor with an 85% capture efficiency [52]. 
This high capture efficiency of fine aerosols proves that particle losses in the sampling 
process can be negligible.    
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The model described also only accounts for the inhalation pathway. While more 
evidence in literature has increased confidence in the airborne transmission route of 
influenza, the contribution of the airborne pathway to total secondary infections is still 
unknown. Therefore, estimations of probability and number of secondary infections should 
potentially be higher. Only considering the airborne route and utilizing ventilation as a 
control strategy perhaps magnifies the true effect of the control strategy. Additionally, 
school aged students, especially in high school, are highly variable. There is a lack of 
understanding on how students come in contact with each other throughout the day. 
Addressing these gaps in social networks can lead to understanding how influenza is passed 
from one student to another.  
One of the largest limitations of this model is accurately assessing the fraction of 
students that are absent due to the flu. As aforementioned in the simulation framework 
methodology, the number of secondary infections was calculated as the summation across 
the entire flu season for each classroom using Eq. 3. Assuming an average school size of 
2700 students, the modeled ILI absence rate ranged between 0.3 – 0.9%. Although the 
number of secondary infections in all modeled scenarios seem high, they are reflective of 
actual average school flu absence data, 0 – 3% absent per day. The number of infectors in 
the flu season is one of the strongest drivers of this number. This parameter has a linear 
relationship with the reproductive number. So, assuming an infected student comes into 
school during the peak flu season every other day, this would reduce the number of 
secondary illnesses by half. For days with higher rates of influenza-like illness, there would 
be more infectors entering the school or students with multiple-day absences due to severity 
of symptoms.    
The applied model neglects the inactivity of airborne pathogens as they are 
suspended in air. Deposition is a large removal term for coarse aerosols; however, for fine 
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aerosols other than ventilation, inactivity is a large removal mechanism. Studies have found 
a positive linear correlation between inactivation rates of infective aerosol virus and 
relative humidity in the space [53,54]. Yang & Marr [55] found that high humidity levels 
indoors (RH ~ 90%), not typically found during the drier, winter months, have the ability 
to increase inactivity by 28% [55]. However, these high humidity levels may be 
uncomfortable to occupants. The typical relative humidity values found indoors in our field 
study ranged greatly from 15 – 64% across both portable and permanent classrooms. We 
did not account for how the relative humidity in the space could reduce the amount of 
infectious viral aerosols.  
Another large assumption in this framework is how to consider movement of 
infectious aerosol virus in a multi-zone VAV mechanical system where multiple 
classrooms share the same AHU. The modeled assumed all of the classrooms would turn 
into a ‘well-mixed’ box; however, that might not be the case when recirculation rates are 
not high. For more precise results, the model can be updated to consider multi-zone 
modeling and computational fluid dynamic models. These methods, however, might be 
computational intensive and result in similar results. To & Chao [24] suggest implementing 
numerical models that utilize computational fluid dynamics (CFD) methods to approximate 
dispersion and deposition in spaces. Noakes & Sleigh [56] developed a stochastic inter-
zonal model to assess how proximity to the infector influences probability risk.  
For the ventilation control strategies chosen, increasing ventilation rates to ~ 1.6𝜆 
and ~ 2𝜆 for permanent and portable classrooms is equivalent to providing the minimum 
requirements for fresh air as per ASHRAE Standard 62.1. It is practical to increase these 
ventilation rates in existing mechanical HVAC systems, so increased HVAC equipment 
costs to handle higher ventilation rates were not considered. Fisk et al. [11] estimated 
increasing ventilation rates to meet or exceed current standards would amount to less than 
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0.1% of education spending. According to the National Center for Education Statistics, as 
of 2014 the U.S. on average spends ~ $12,300 per student on primary and secondary 
education [57]. Extrapolating our estimates for ventilation costs per student to the entire 
school year, this amounts to almost $8/student for ~ 2𝜆, or 0.1% of educational spending. 
Indirect costs such as decreased costs of caregiver to the family and substitute teacher costs 
to the school for absent teachers were not considered. 
This study also did not consider the effect of improved filtration on reducing 
probability of influenza infection. Based on particle removal efficiency data by Stephens 
& Siegel [32], an increase in MERV rating increases the loss deposition rate for aerosol in 
the fine aerosol size bin with the exception of the 0.3 – 0.5 𝜇𝑚 range. Improved filtration 
to a higher MERV ratings imposes an additional energy cost due to the pressure drop across 
the filter. In a prospective study in an office setting, Azimi & Stephens [28] found that 
improved filtration to MERV 13 – 16 was more cost effective at reducing influenza risk 
than increased outdoor ventilation rates. However, the effect of the filter is highly 
dependent on the recirculation rate through the mechanical HVAC system. Increasing 
recirculation rates would in turn reduce the outdoor ventilation rates; therefore, schools 
would need to make informed decisions on which control strategy is the most cost effective 
and cost efficient.  
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Conclusion 
A previous field study found that both portable and permanent classrooms sampled 
in Central Texas are slightly under-ventilated [58]. Expanding on this study, we 
investigated if increased ventilation rates can reduce the spread of influenza in the airborne 
pathway and if they are a cost-effective control strategy to schools. Through conducting an 
airborne infectious disease and ventilation model-based Monte Carlo simulation of a school 
throughout the flu season, the following are key takeaways: 
• The probability of influenza infection in any given classroom in a school is 
heavily dependent on the infectivity, the quanta generation rate 𝑞, of the infected 
student.  
• The regeneration rate, or reproductive number of influenzas, is highly dependent 
on type of mechanical ventilation system (based on modeling assumptions) and 
number of infected students that enter the school each day. Simulated number of 
flu cases for a school year during the peak flu season align with values found for 
influenza-like-illness daily absenteeism of 0.1 – 3% depending on the number 
of infected students.   
• Increasing ventilation rates to 2𝜆 is equivalent to actually providing the 
minimum requirements of ventilation for many of the classrooms. It is also the 
most cost effective and efficient at reducing number of secondary illnesses due 
to airborne routes of influenza.  
• Energy requirements for ventilation vary greatly by climatic region; however, 
total cost of ventilation is driven also by local cost of electricity and natural gas.  
Further work in progressing this simulation framework should focus on 
characterization of the influenza’s virus aerosol size distribution and dynamics in the air, 
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impacts of improved filtration, modeling multi-zone mechanical ventilation systems, and 
assessments of other indirect costs and benefits due to lower sickness. Given the low cost 
of energy, the large cost associated with student absences, and the optimality of all modeled 
control strategies, it is worth it for schools to provide adequate fresh air rates. 
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